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the same time, despite their successful track record of application and high overall accuracy, 66 cellular automaton models can suffer from low pixel-matching precision (i.e., low local-scale 67 precision) (Jantz et al., 2003) . Thus, improving urban growth prediction accuracy and reliability 68 has become an important area of research in geographic information science and applied urban 69 studies (Torrens, 2011; Brown et al., 2013; Liu and Yang, 2015) . Although much progress has been 70 made in developing more technologically sophisticated urban cellular automaton models, there 71 have been some persistent challenges to the applicability of these models in reproducing patterns 72 resembling real cities, driven primarily by limitations on the availability of spatial data at required 73 resolutions and difficulties in representing spatial complexity, regional differentiation, and growth 74 management policies (see Yang and Lo, 2003; Torrens, 2011; Liu and Yang, 2015) . 75 The focus of this paper is the sensitivity of urban growth to development planning policies, 76 which are important in urban growth management but have not been adequately addressed in urban this approach has had only limited success to date because other issues, including spatial 83 complexity and regional differentiation, must be considered along with planning policies (e.g., 84 Urban planners often use zoning to differentiate land-use types as a method for controlling 86 and guiding the growth and changes in urban land use (Onsted and Chowdhury, 2014) . This top-87 down growth control and management approach has been widely adopted in the developed world 88 and is now being applied in a number of developing countries, including China (Tian and Shen, 89 2011; Long et al., 2012) . In China, all levels of government play very important roles in making 90 urban development policies and in building urban public service facilities and infrastructures. A 91 notable example of this is the establishment of several special economic zones by the central 92 government in the early 1980s as part of the country's economic reforms and policy of opening to 93 the world. These economic zones have profoundly affected urban growth patterns in the country 94 and made it necessary to consider zoning in urban growth modeling. 95 Several studies have recognized the implications of zoning for urban expansion simulations 96 and have noted how the appropriate use of zoning information can help improve simulation 97 accuracy (Clarke et al., 1997; Onsted and Chowdhury, 2014) . In this paper, "zone" is a term used 98 to refer to any subdivision of the landscape and can categorize divisions by land-use type, 99 administrative division, development planning subdivision, etc. Despite its advantages, zoning has 100 rarely been incorporated in urban modeling practices because its ability to significantly affect the 101 modeling outcomes has been generally disregarded or considered too difficult to demonstrate 102 (Onsted and Chowdhury, 2014) . For example, in a study by Lahti (2008) 
Study Area

131
The study area represents a portion of Jinan, the capital city of Shandong Province in China. 132 Jinan lies between Taishan Mountain to the south and the Yellow River to the north (Figs 1 a, b An exclusion layer was also generated as a user-defined option for S1 based on data on land-use 226 in 1996. Under S1, an attribute value of 100 was assigned to large water bodies and parks (as under 
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The exclusion layer under S2 was generated using a multi-factor overlay analysis of eight 238 thematic layers (Table 1) , which were assumed to be the primary factors affecting land suitability hierarchy process (AHP) method (Saaty, 1980 ) was used to weight the thematic factors (Table 1) .
242
As factor five (proximity to rivers and water bodies) was a constraining factor, the minimum 243 overlay method was specially adapted to combine it with the other seven weighted factors. As a constraint factor, the distances to rivers and water bodies were also weighted through a indicating restricted areas that were not suitable for urban growth.
265
Accessibility to urban edges, urban centers, and planned new district centers are important 266 driving factors for urban growth (Hansen, 1959; Geurs and Van Wee, 2004) . In this case, 267 accessibility can be defined as "the ease with which any land-use activity can be reached from a 268 location using a particular transport system" (Dalvi and Martin, 1976) , which can be easily 269 calculated using the cost-distance method by any GIS software package such as ArcGIS (e.g., 270 Kong et al., 2012 (low suitability) (Fig. 7a, b, c) . To yield an urbanized suitability map, an overlay operation was used to sum the weighted 284 factors. As the highest suitability corresponded to the lowest value in the excluded layer, the values 285 of urbanized suitability were, therefore, reversed with respect to the values in Scenario S1 ( for Scenario S2 with this policy impact coefficient layer.
297
The study area was first subdivided based on the present administrative divisions. As some 298 administrative divisions in downtown Jinan had already become completely urbanized and were 299 mostly adjacent to each another, these divisions were grouped into one division, resulting in a 300 study area comprising sixty divisions (Fig. 8a) (Fig. 1d) . The scheme also specifies eighty-four functional groups (Fig. 9a) . Scenario S4 330 incorporates subdivisions additional to those in Scenario S3, particularly in the urban development 331 planning area, i.e., the East Metro, West Metro, and Jibei Metro districts (Fig. 8a, Fig. 9a ). The 332 same data processing procedure used in Scenario S3 was used to create S4, with the generation of 333 a functional group-based development policy impact coefficient layer (Fig. 9a) followed by the 334 generation of an exclusion layer (Fig. 9 b) . 
Model predictions and validation
379
The model predictions based on the exclusion layers under Scenarios S1-S4 were validated 380 against the 2011 urban land-use map ( scenarios. The thresholds (88% for S0, 30% for S1, 75% for S2, and 85% for S3 and S4) used in 
Historical urban growth during 1996-2016
395
The urban extent in the study area grew rapidly from 1996 to 2016 (Fig. 2) . During 1996- 
Model calibration results under different scenarios
414
The data in Table 4 show that each of the seven calibration metrics for the five scenarios is a small but persistent increase from Scenarios S0 to S4 (except for Scenario S1) ( Table 6 ). The 446 results indicate that the model performed better under zoning scenarios S2, S3, and S4 than under 447 the non-zoning (S0) or simplified zoning (S1) scenarios. Except for Scenario S1, the producer 448 accuracy increases by 10.57% from S0 to S4, with the user accuracy following a similar trend. Further comparison of the simulated and remote sensing-derived 2011 urban extent (Fig. 11) 458 reveals that, under Scenarios S0 and S1, the model performed well in projecting urban growth 459 along edges and roads but not very well in predicting clustered growth (Fig. 11b, c) . This suggests 460 that when zoning is not considered or is represented in a simplified manner (as in Scenario S1), it 461 is difficult to accurately reproduce the clustered growth that can be spurred by urban development (Table 7) follow trends similar to those of 475 2011 (Table 6 ). Specifically, identical to the 2011 results a high level of overall accuracy 476 (universally greater than 96%) was achieved by using the calibrated SLEUTH model to predict the 477 urban growth in 2016 under each scenario. Except for Scenario S1, the overall accuracy gradually 478 increased from Scenarios S0 to S4 ( Table 7) , suggesting that the model performed better under the 479 latter three zoning scenarios than under the non-zoning (S0) or simplified (S1) zoning scenarios.
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The producer and user accuracies of the simulated non-urban and urbanized areas for 2016 were 481 all higher than those for 2011 but lower for the simulated newly urbanized area (Tables 6, 7 Jantz et al., 2003 Jantz et al., , 2010 ). Scenario S1 also shows an obvious edge growth pattern (Fig. 12c) greater than under S0 and S1 (Fig. 12) , indicating that the model is able to incorporate zoning 
Discussion and Conclusions
527
In this study, the city of Jinan, China was used as a case study to demonstrate the potential 528 impacts of planning policies and strategies on urban growth prediction patterns and accuracy using 529 a cellular-automaton-based urban growth model. 
